Near-Infrared Spectroscopy (NIRS) allows the recovery of the evoked hemodynamic response to brain activation. In adult human populations, the NIRS signal is strongly contaminated by systemic interference occurring in the superficial layers of the head. An approach to overcome this difficulty is to use additional NIRS measurements with short optode separations to measure the systemic hemodynamic fluctuations occurring in the superficial layers. These measurements can then be used as regressors in the post-experiment analysis to remove the systemic contamination and isolate the brain signal. In our previous work, we showed that the systemic interference measured in NIRS is heterogeneous across the surface of the scalp. As a consequence, the short separation measurement used in the regression procedure must be located close to the standard NIRS channel from which the evoked hemodynamic response of the brain is to be recovered. Here, we demonstrate that using two short separation measurements, one at the source optode and one at the detector optode, further increases the performance of the short separation regression method compared to using a single short separation measurement. While a single short separation channel produces an average reduction in noise of 33% for HbO, using a short separation channel at both source and detector reduces noise by 59% compared to the standard method using a general linear model (GLM) without short separation. For HbR, noise reduction of 3% is achieved using a single short separation and this number goes to 47% when two short separations are used. Our work emphasizes the importance of integrating short separation measurements both at the source and at the detector optode of the standard channels from which the hemodynamic response is to be recovered. While the implementation of short separation sources presents some difficulties experimentally, the improvement in noise reduction is significant enough to justify the practical challenges.
Introduction
Near-Infrared Spectroscopy (NIRS) is a non-invasive neuro-investigatory technique used to measure the hemodynamic changes associated with evoked brain activity (Obrig and Villringer, 2003; Hoshi, 2007; Lloyd-Fox et al., 2010; Ferrari and Caresima, 2012) . In adult populations, the majority of functional NIRS studies are performed using a back-reflection geometry, with near-infrared light carried to and from the head via optical fibers. This backreflection geometry ensures that the NIRS signal is extremely vulnerable to contamination by the hemodynamics within the superficial layers of the head.
It has recently been shown that this interference can be significantly reduced with the use of short separation (SS) recordings which are sensitive to superficial layers only, including the scalp and the skull (Saager and Berger, 2005; Zhang et al., 2007; Umeyama and Yamada, 2009 ). These SS measurements are used as regressors during the post-processing of the NIRS signal and have been shown to improve the detection of evoked brain activity using NIRS (Zhang et al., 2009; Saager et al., 2011; Yamada et al., 2009; Gagnon et al., 2011) .
In our previous work , we showed that the superfical NIRS signal obtained by SS channels is spatially inhomogeneous across the scalp. In order to successfully regress the superficial signal from that of the brain, the SS measurement must therefore be located as close as possible to the long separation (LS) NIRS channel. For NIRS measurements performed on adult humans, the source and detector optodes are generally separated by around 3 cm, which is large enough to observe the hemodynamics of the cortex but short enough that enough light returns to the detector (Boas et al., 2004) . Any change measured by a standard NIRS channel is the result of an integration of all optical changes which occur throughout the volume of tissue traversed by the NIR light. The NIRS signal will therefore invariably contain superficial interference from two different locations: beneath the source optode and beneath the detector optode and these interference signals may not correlate with one another. As a result, it is reasonable to hypothesize that the performance of the SS regression method will improve if the superficial NIRS signal is independently recorded from both the tissue beneath the source optode and from the tissue beneath the detector optode.
In this work, we investigated the performance of using two such SS measurements to regress systemic physiological signals from NIRS data.
Methods

Experimental measurements
Five healthy adult subjects were recruited for this study. The Massachusetts General Hospital Institutional Review Board approved the study and all subjects gave written informed consent. Data were collected using a TechEn CW6 system operating at 690 and 830 nm. The NIRS probe contained 8 sources and 8 detectors as shown in Fig. 1 . The probe was designed to contain a SS measurement at each source and at each detector optode of the LS measurement to provide maximal overlap between the LS and the SS measurements. In order to avoid detector saturation, 200 μm-core fibers were used for the SS detectors (shown in red in Fig. 1 ) and an optical filter (Kodak WRATTEN ND 2.00) was glued to the tip of standard NIRS fiber bundles (shown in green in Fig. 1 ) for the additional sources of the SS measurements. The probe was secured over the left motor region of each subject.
During the experiment, subjects were sitting in a comfortable chair in front of a computer screen with a black background. The 6-minute long functional runs consisted of stimulus trials of 5-seconds of a finger tapping task, with an inter-trial interval varying randomly between 12 and 18 sec. Each functional run contained between 19 and 21 trials and three functional runs were acquired for each subject. Between stimulus periods, a small 0.5-by-0.5 cm white square appeared at the center of the computer screen and the subjects were asked to fixate on this square. During the finger tapping periods, the instruction tap your fingers was displayed in white characters on the computer screen using the Psychophysics toolbox in Matlab (Brainard, 1997) . The finger tapping task required the subject to touch their right thumb to each finger of their right hand in order as quickly as possible and repeat the process until the instruction left the computer screen. Following the three functional runs, three baseline runs of 5 minutes each were acquired. During the baseline runs, the subjects were asked to simply close their eyes and remain still.
Data analysis
An overview of the data analysis procedure is shown in Fig. 2 . Both the SS and LS measurements were bandpass filtered at 0.01-1.25 Hz and then used simultaneously in a Kalman filter. The Kalman filter was identical to that described in our previous papers (Gagnon et al., 2011 with the addition of a second short separation regressor.
The hemodynamic response was modeled by (1) where b i [n] are normalized Gaussian functions with a standard deviation of 0.5 s and their means separated by 0.5 s. N w is the number of Gaussian functions used to model the hemodynamic response and was set to 15 for our simulations to recover the HRF over 0-8 sec. The signal in the LS channel y LS [n] was modelled by a linear combination of the two SS signals and and the brain response y b [n] . The expression for the LS signal is given by (2) with (3) and where u[n] is the onset vector which is a binary vector taking the value 1 when n corresponds to a time when the stimulus was presented and 0 otherwise. It is to note that u[n] is equal to 1 only at the onset of the stimulus and not throughout the duration of the stimulus.
The variables a Src and a Det are the dynamic weights used to model the superficial signals in the LS separation channel as a linear combination of the two SS signals. Only a single time delay was taken from the short separation channels to model the superficial signals in the LS channel since this has been shown to result in a better performance in our previous paper (Gagnon et al., 2011) . The states to be estimated by the Kalman filter were the weights of the superficial contribution a Src and a Det and the weights of the temporal bases w i . All these weights were assumed to be time-varying. Eqs. (1), (2) and (3) can be re-written in statespace form:
where w[n] and v[n] are the process and the measurement noise respectively. x[n] is the n th instance of x given by (6) The quantity I is an N w + 2 by N w + 2 identity matrix and C[n] is a 1 by N w + 2 vector given by (7) where "*" denotes the convolution operator. The estimate x[n] at each sample n is then computed using the Kalman filter (Kalman, 1960) followed by the Rauch-Tung-Striebel smoother (Rauch et al., 1965) .
The convergence of the Kalman filter depends on the initial estimate of the state vector x[0]. To overcome this problem, x[0] was set to the values obtained using a static least-squares estimator as in (Gagnon et al., 2011) to ensure a fast convergence. Moreover, to overcome the problem of selecting a good initial guess for the state covariance estimate P[0], the Kalman filter algorithm was run twice and the initial covariance estimate for the second run was set to the final covariance estimate of the first run. This process makes the performance of the filter almost insensitive to the initial covariance estimate. For the first pass of the Kalman filter, we set P[0] to an identity matrix with diagonal entries of 1×10 -1 for the temporal basis states and 5×10 -4 for the superficial contribution state. The process noise covariance Q only contained nonzero terms on the diagonal elements. Those diagonal terms were set to 2.5×10 -6 for the temporal basis states and 5×10 -6 for the superficial contribution state. The measurement noise covariance R was set to an identity matrix scaled by 5×10 -2 . These values were extensively studied in our previous paper (Gagnon et al., 2011) and multiplying or dividing these values by factor of 10 did not significantly a ect the performance of our method. The Kalman filter algorithm was then processed with the following prediction-correction recursion (Gelb, 1974) :
After the Kalman algorithm was applied twice, the Rauch-Tung-Striebel smoother was applied in the backward direction (Haykin, 2001 ): (13) with N t the number of time points in the data. The complete time course of the filtered brain signal ŷ b [n] containing the estimated hemodynamic response ĥ[n] was then reconstructed for each sample time n using the first N w final state estimates x̂b = [w 1 · · · w N w ] T and the temporal basis set contained in C[n] (14) This reconstructed filtered brain signal time course ŷ b [n] was further low pass filtered at 0.5
Hz to remove any cardiac fluctuations potentially present in the time course and the final estimate of the hemodynamic response ĥ[n] was obtained by applying a standard General Linear Model (GLM) procedure (without any cosine bases or short separation regressor) containing the same temporal basis function as in Eq. (1). More details of the algorithm and the parameters used can be found in our previous papers (Gagnon et al., 2011 .
Simulations
Simulations were performed as described previously (Gagnon et al., 2011 by adding a synthetic HRF to the three baseline NIRS recordings acquired in each subject. For each baseline measurement, the changes in optical density were converted to changes in hemoglobin concentrations using the modified Beer-Lambert relationship (Deply et al., 1988) . A pathlength correction factor of 6 and a partial volume correction factor of 50 were applied (Strangman et al., 2003; Huppert et al., 2006a,b ).
An overview of the simulation procedure is shown in Fig. 3 . Thirty individual simulated evoked responses were added over each of the 60 LS channel baseline measurements (5 subjects × 3 runs × 4 LS channels), with randomized onset times such that the inter-stimulus intervals varied between 12 and 30 seconds.
There is increasing evidence that many functional activation tasks give rise to systemic changes in oxyhemoglobin concentration which are time locked to the stimulus (Kirilina et al., 2011; Takahashi et al., 2011) . These evoked systemic signals are likely due to an increase in heart rate and blood pressure associated with the performance of a task. We therefore added an evoked systemic artifact that was phase-locked with the stimulus to better represent real functional experiments. The artifact was added to both the LS and SS HbO signals. We used a sinusoidal function to model the artifact and the phase was chosen such that the peak of the artifact matches the peak of the hemodynamic response. No artifacts were added to the HbR traces since no evoked systemic artifacts have been reported for HbR signals (Kirilina et al., 2011; Takahashi et al., 2011) . Baseline signals for SS and LS optodes are also shown at the bottom panels of Fig. 3 . The green box emphasizes a portion where the Source SS signal resembles the LS signal while the yellow box emphasizes a portion where the Detector SS signal resembles the LS signal. These boxes illustrate the main hypothesis behind the double short separation method that the superficial interferences beneath the source and the detector may be different and that using two short separation measurements allows one to better capture the interference.
This procedure was repeated 30 times for each baseline measurement to create 30 simulated time courses with 30 different onset times to ensure robust averaged results. The duration of the synthetic response was 8 seconds as shown in Fig. 3 . The resulting 1800 time courses (60 time courses × 30 simulated runs) were then band-pass filtered (0.01-1.25 Hz) and passed to the Kalman filter algorithm as depicted in Fig. 2 . This algorithm was employed 3 times, using three different regressor cases: the SS measurement located close to the detector (Det SS), the SS measurement located close to the source (Src SS) and both SS measurements simultaneously (Src&Det). To provide a comparison where no SS measurements are used, the HRF was also recovered using a standard GLM approach, using a set of cosine bases with a 64 s period cuto (Friston, 2000) to model the baseline physiology and the same temporal basis set used in the Kalman filter to model the HRF. Although simultaneous HbO and HbR estimation is possible (Diamond et al., 2006) , the HbO and HbR responses were recovered independently in this work to prevent potential crosstalk introduced by noise in the regression (Strangman et al., 2003) . For each SS-LS combination, the baseline Pearson R 2 correlation coefficient after adding the synthetic HRF to the LS channel was computed.
The quality of each recovered HRF was quantified using four different metrics: (1) the Pearson correlation coefficient R 2 between the true synthetic HRF and the recovered HRF, (2) the mean square error (MSE) between the true HRF and the recovered HRF, (3) the baseline noise defined by taking the standard deviation over the intervals -5 to 0 sec prior to the stimulus onset and (4) the inter-trial variability obtained by computing the standard deviation across individual trials and taking the mean of the obtained variability over the interval 0 to 12 sec following the stimulus onset.
The average for each of these four metrics across all the recovered HRFs for each specific regressor was computed and the results obtained were compared using two-tailed paired ttests. As in our previous papers (Gagnon et al., 2011 , we used a paired t-test to resolve for small systematic differences. For the Pearson R 2 metric, the average was taken after applying a Fisher transformation and the resulting average was then back transformed.
Experimental finger tapping
The functional data acquired during the finger tapping task were analyzed in the same way as above using the Kalman filter algorithm, but the HRFs were recovered from -5 to 18 sec after the stimulus onsets. Each of the four LS channels was analyzed using the three regressor cases derived from its closest SS measurements (Det SS, Src SS and Src&Det). The noise and the inter-trial variability metrics described above were also computed. The R 2 and the MSE metrics were not computed for the experimental finger tapping data since the true HRF is unknown.
Results
Baseline R 2 correlation results
The baseline R 2 coefficients between the SS and LS channel were computed and are shown in Table 1 . The correlations computed for the simulations as well as for the experimental finger tapping are shown. For the simulations, the correlation was computed after the synthetic HRFs were added to the baseline LS trace and the evoked systemic artifacts were added to both the LS and SS traces. These correlations were calculated after all NIRS signals were bandpass filtered between 0.01 and 1.25 Hz to remove instrumental noise and drifts. As shown in Table 1 , the baseline correlation was higher between the LS signal and the source SS signal than between the LS signal and the detector SS signal.
Simulation results
The metrics described in section 2.3 were computed over the 1800 recovered HRFs for each of the three regressor cases (Det SS, Src SS and Src&Det). To address how often the SS method improves the recovery of the HRF, we computed a likelihood ratio (as a percentage) which describes how often the SS method improved the recovery of the HRF in the 1800 traces of our simulations. The comparison was based on the performance obtained with the standard GLM and the likelihood was computed individually for each regressor case and using each of the four metrics. These likelihoods are shown in Table 2 . An improvement was identified as an increase for R 2 , and as a decrease for MSE, Noise and inter-trial variability. Likelihoods were computed by taking the ratio of the number of recovered HRFs which meet these criteria and dividing by 1800, the total number of recovered HRFs, and converting to a percentage. Table 2 illustrates that the likelihood of improvement is higher for HbO compared to HbR. This pattern is consistent regardless of the metric used to assess the performance of the regression. Using two SS measurements resulted in an improved HRF 96% of the time for HbO and 53% of the time for HbR (based on the MSE metric).
The recovered HRF averaged across all subjects, all channels, all trials and all repetitions are shown in Fig. 4 for each of the four recovery methods (3 regressors cases + GLM). The width of the traces indicates the standard deviation taken across all simulations (5 subjects, 3 runs, 4 channels, 30 trials, 30 repetitions). The true simulated HRF is illustrated by dotted lines.
The evoked systemic artifact is still present in the HbO response recovered with the GLM and this resulted in an overestimation of the HbO response when no SS regressor was applied. The removal of the evoked systemic artifact was improved progressively as the detector SS, the source SS and both the source and the detector SSs were applied A quantitative comparison of the different regressor cases is shown in Fig. 5 . The values of the four performance metrics described in section 2.3 were compared for the three different regressor cases as well as for the standard GLM without SS regression. A significant improvement in performance was observed for all metrics (p<0.05, two-tailed paired t-test) when two SSs were used compared to using a single SS measurement. Fig. 6 shows the HRFs recovered during the finger tapping task for each of the four recovery methods. Results are shown for a single run and for a single subject to illustrate the high quality of the recovery and the traces corresponding to the 18 individual trials are shown to illustrate the variability. The mean HRFs are also illustrated by a black dotted line in each case.
Experimental finger tapping results
Quantitative comparisons of the noise and inter-trial variability were computed over the 15 runs (5 subjects, 3 runs each). Results are shown in the bar graphs of Fig. 7 . A decrease in both noise and inter-trial variability (p<0.05, two-tailed paired t-test) was observed when two SS signals were used compared to a single SS. This trend was observed for both HbO and HbR.
Combined results
To illustrate quantitatively the gain obtained by using two SS measurements, the noise levels and the inter-trial variability in the recovered HRFs were compared explicitly for the four different recovery methods across both the simulations and the experimental finger tapping results. Values are shown in Table 3 .
Across all simulation and experimental results, the noise level for HbO decreased on average from 6.6 μM when using the GLM to 4.6 and 4.3 μM when using the detector SS and the source SS respectively. This corresponds to a decrease of 31 and 35% respectively. When both SS signals are used, the noise further drops to 2.7 μM, a decrease of 59% when compared to the standard GLM. For HbR, the noise level dropped on average from 3.3 to 3.2 μM using the detector SS or the source SS. This corresponds to a decrease of 2.6%. When the two SSs are used, the noise further drops to 1.8 μM, a decease of 47% when compared to the standard GLM procedure.
The inter-trial variability for HbO went from 19.6 μM when using the GLM to 10.3 and 11.9 μM when using the detector SS and the source SS respectively. This corresponds to a decrease of 46 and 38% respectively. When both SS signals are used, the variability further drops to 5.4 μM, a decrease of 72% when compared to the GLM. For HbR, the variability went from 12.8 μM to 9.4 and 9.7 μM using the detector SS and the source SS respectively. This corresponds to a decrease of 27 and 25% respectively. When the two SSs are used, the inter-trial variability further drops to 3.0 μM, a decrease of 76% when compared to the GLM.
Discussion
Using two SS measurements is better than using only one
Our results show that using two SS measurements, one located close the source optode of the LS channel and one located close to the detector optode of the LS channel results in better performance of the SS method compared to when a single SS regressor is used. From our results in Table 3 (simulation and experimental), further improvements from 33% (Det: 30.5%, Src: 34.7%) to 59% in noise reduction and from 42% (Det: 46.0%, Src: 37.6%) to 72% in inter-trial variability were achieved for HbO. These values improved from 3% (Det: 2.6%, Src: 2.6%) to 47% for noise reduction and from 26% (Det: 26.9%, Src: 24.7%) to 76% for inter-trial variability for HbR. These improvements strongly motivate the incorporation of short separation measurements both at the source and at the detector optode of the LS channel.
The fact that two SSs perform better than a single SS is a consequence of the inhomogeneity of systemic physiology across the surface of the scalp. This inhomogeneity of the systemic physiology was described in our previous work . Because the two SS measurements are located 3 cm away from each other, they measure different superficial hemodynamic signals, which do not correlate exactly with one other. This is probably due to the inhomogeneous nature of the vascular network in the scalp.
Since the standard LS measurement constitutes an integratation of concentration changes throughout the volume traversed by the NIR light, the LS signal will contain systemic physiology that cannot entirely be described by a single SS signal, but will be better modelled by a linear combination of our two SS signals, as illustrated in Fig. 3 . For this reason, using two SS measurements as regressor inputs to our Kalman filtering algorithm allows for improved recovery of the functional hemodynamic response signal of the brain
Source SS versus Detector SS
Because of the inherent symmetry of the measurement sensitivity between source and detector, a single SS measurement should perform identically whether it is placed close to the source optode or the detector optode of the LS measurement. In practice, small differences in performance can occur. As shown in Fig. 1 , it was necessary to place an optical filter at the tip of the additional source to avoid saturation of the standard LS detector. In theory, the attenuation of the filter should be chosen such that the LS detector detects an equal amount of light coming from both sources. Because of the limited number of optical filter attenuations available, this condition is not always met. In our study, the attenuation of the filter selected (ND 2.00) was a little too high, resulting in a noisier signal and therefore a lower correlation between the SS signal close to the detector optode and the LS signal, as shown in Table 1 . This resulted in a better performance of the Src SS compared to the Det SS. Using a NIRS system allowing the intensity of the sources to be adjusted easily would solve this problem.
HbO vs HbR
The results in Table 2 show that the SS method is more likely to improve the recovery of the HRF for HbO than for HbR. Futhermore, the improvements obtained using the SS method were larger for HbO than for HbR. These results are in agreement with previous studies (Zhang et al., 2009; Gagnon et al., 2011) .
While the SS method did not improve the HbR recovery in 47% of cases in our simulations (based on the MSE metric), the amplitude of the decreases in performance was very low compared to the amplitude of the increases in performance resulting in an overall improvement when results were averaged across all simulations (p<0.05, two-tailed paired ttest) as shown in Fig. 5 . This result is consistent with our previous work (Gagnon et al., 2011) which reported no decrease in performance for HbR, though only averaged results were provided. The fact that the likelihood of improvement is lower for HbR should not prevent the use of the SS method for HbR since potential decreases in performance will not be meaningful compared to the potential benefits. We showed in our previous work ) that a high improvement could be obtained for HbR as long as the baseline correlation between the LS and the SS was high. However, in practice, lower baseline correlations are obtained for HbR resulting in lower overall averaged performance. The reason for this lower baseline correlation is unclear. A potential explanation is that the interference mainly comes from the arteries, which contain mostly oxygenated blood (HbO). The HbR component of the arterial blood is comparatively much weaker (and therefore more noisy) which results in lower baseline correlation. Future investigation will be required to identify the underling physiological mechanism. Nevertheless, researchers can always predict the performance of the Kalman regression algorithm by computing the baseline correlation between the LS and the SS channels and thus decide whether this processing approach is the most appropriate.
Practical difficulties
Using SS measurements both at the source and at the detector presents two challenges. The first is the challenge of ensuring that the light levels match well the dynamic range of the photo-detector. As discussed in section 4.2, an optical filter must be placed at the tip of the additional source to overcome the low dynamical range and avoid detector saturation. The second difficulty is the high density of fibers required which makes the optical probe heavier and less flexible.
The results presented in this paper suggest that real benefits are obtained using two SS measurements compared to using a single one. These benefits are significant in cases where only a few trials can be performed such as in clinical studies (Haginoya et al., 2002; Buchheim et al., 2004; Wallois et al., 2010; Machado et al., 2010) . However, in cases where several trials can be averaged, using a single SS detector located close to the source might be sufficient and less troublesome. Another example where two SS might be beneficial is when the NIRS signals are used to compute the cerebral metabolic rate of oxygen (CMRO2) (Huppert et al., 2009; Tak et al., 2010 Tak et al., , 2011 Yucel et al., 2012) since higher levels of physiological noise could a ect the accuracy of the CMRO2 estimation.
Future directions
It has been recently shown that tomographic reconstruction can accurately remove superficial artifacts from NIRS data (Gregg et al., 2010) . The researchers also compared the performance of tomographic reconstruction with and without short separation signal regression where the short separation was regressed using a static linear minimum mean square estimator (LMMSE) as in (Saager and Berger, 2005; Saager et al., 2011) . They concluded that each method improves the contrast-to-noise ratio when used alone, and that the two methods act synergistically, with greater improvements when used together. Since the Kalman filter used in the present study has been shown to perform better than the static estimator (Gagnon et al., 2011) used by Gregg et al (2010) , it would be interesting in future work to investigate (1) how the Kalman filter compared with tomographic reconstruction alone, and (2) how much is gained when used together with tomographic reconstruction.
Conclusion
This work has demonstrated that using two short separation measurements, one located close to the source optode and one located close to the detector optode further improves the performance of the Kalman short separation regression method compared to using a single short separation measurement. Using both simulated and experimental functional activation, reductions of 59% in noise level and 72% in inter-trial variability were obtained for HbO and reductions of 47% in baseline noise level and 76% in inter-trial variability were obtained for HbR compared to a standard GLM approach. Our work emphasizes the importance of designing multi-distance NIRS probes that incorporate short separation measurements at both the source and the detector optode of the standard 3 cm NIRS channels.
Research Highlights
Two short separation channels is better than a single short separation Reductions of 59% in noise and 72% in inter-trial variability achieved for HbO Reduction of 47% in noise level and 76% in inter-trial variability for HbR Improvements are significant enough to justify the practical challenges Overview of the algorithm for data analysis. Both the SS and LS measurements were bandpass filtered at 0.01-1.25 Hz and then used simultaneoulsy as regressors in the Kalman filter. A set of temporal basis functions was used to lower the dimensionality of the problem. The output of the Kalman filter was further low pass filtered at 0.5 Hz to remove any cardiac fluctuations potentially present in the time course and the final estimate of the hemodynamic response was obtained by applying a standard General Linear Model (GLM) procedure. Construction of synthetic data. Thirty individual evoked responses were added over all 60 LS baseline measurements (5 subjects × 3 runs × 4 LS channels) at random onset times with an inter-stimulus interval taken randomly from a uniform distribution (12-30 sec). We also added an evoked systemic artifact to the HbO signals (LS and SS) that was phase-locked with the stimulus onset. The green box emphasizes a portion of the baseline signal where the Source SS signal resembles the LS signal while the yellow box emphasizes a portion where the Detector SS signal resembles the LS signal. Averaged recovered HRF across all simulations. The width of the traces represent uncertainty given by one standard deviation taken across all simulations (5 subjects, 3 runs, 4 channels, 30 trials, 30 noise instances). The true simulated HRF is shown with dotted lines in each case. Quantitative analysis of the 1800 simulations. Bars represent the mean taken across all simulated HRFs and error bars represent the standard error on the mean. Statistical significance at the p<0.05 level (two-tailed paired t-test) is illustrated by black lines over the bars. HRFs recovered during the experimental finger tapping for a representative subject for a single run. The HRFs for each of the 18 individual trials are shown in red for HbO and blue for HbR. The mean HRF taken across the 18 trials is shown by a black dotted line. Quantitative analysis of the experimental finger tapping. Bars represent the mean taken across all runs and error bars represent the standard error on the mean. Statistical significance at the p<0.05 level (two-tailed paired t-test) is illustrated by black lines over the bars. 
